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DATA TRANSMISSION BETWEEN TWO
SYSTEMS TO IMPROVE OUTCOME
PREDICTIONS

CROSS REFERENCE TO RELATED
APPLICATIONS

This application 1s a continuation of co-pending U.S.
application Ser. No. 15/447,068, filed Mar. 1, 2017, which 1s
incorporated by reference 1n 1ts entirety.

BACKGROUND

This disclosure relates generally to online systems, and in
particular to data transmission between two systems to
improve outcome predictions.

Certain online systems, such as social networking sys-
tems, allow their users to connect to and to communicate
with other online system users. Users may create profiles on
such an online system that are tied to their 1dentities and
include information about the users, such as interests and
demographic information. The users may be individuals or
entities such as corporations or charities. Because of the
increasing popularity of these types of online systems and
the increasing amount ol user-specific information main-
tained by such online systems, an online system provides an
ideal forum {for third parties to present content to online
system users.

In some cases, the online system distributes content from
third-party systems to the online system users. This trans-
mission ol content to the client devices of users may be due
to a request message received by the online system from the
third-party system. In the transmission of content to users,
the online system may attempt to predict the likely outcome
of the content distribution. For example, the online system
may attempt to predict a likely user response to the content
presentation. Such a prediction, for example, may be used by
the online system in determining which users are presented
with what content. However, the prediction made by the
online system may be 1maccurate. The third-party system, on
the other hand, may have additional data that i1t can pass to
the online system that may be able to improve this predic-
tion. However, this information may be proprietary or con-
fidential and cannot be shared with the online system. Thus,
what 1s lacking 1s an method of data sharing between two
systems to improve outcome predictions without the disclo-
sure of confidential information.

SUMMARY

Embodiments of the disclosure include an online system
that 1s capable of recerving data from a third-party system to
improve the accuracy of the prediction of outcomes 1in
content distribution programs.

In one embodiment, the online system generates predicted
outcomes using a tramned outcome prediction model for
content presentations to users of the online system. Each of
these predicted outcomes indicates a likelithood of a particu-
lar user interaction in response to a user being presented with
the content from a third-party system. The online system
generates prediction error mformation and transmits this
information to the third-party system. The prediction error
information includes information for the third-party system
to model an outcome error between the predicted outcomes
and the actual outcomes. After transmitting the prediction
error to the third-party system, the third-party system may
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2

train an error prediction model for the outcome error using
input data sourced from the third-party system.

After modeling the error, the third-party system transmits
prediction improvement data to the online system. The
prediction improvement data may include {feature data
sourced from the third-party system that increases the accu-
racy of the error prediction model, or may simply include an
adjustment factor used to adjust the predicted outcomes to
reduce the outcome error. Because the online system need
not know of the actual semantics of the feature data in order
to use 1t, the feature data recerved from the third-party
system may be obfuscated (e.g., by various transforms),
such that the semantics of the additional feature data are
undiscoverable from the additional feature data itself. This
ensures the confidentiality of the data.

The online system selects content 1tems for presentation
to users of the online system based on predicted outcomes
generated using this prediction improvement data. When the
prediction improvement data includes additional features,
the online system may re-train the outcome prediction model
with the additional feature data as additional input data for
the outcome prediction model, and use the model to generate
predicted outcomes for pairs of content items and users,
selecting content 1tems for presentation to users in the
content presentation opportunities based on the new predic-
tions. Once selected, the online system transmits the selected
content items to users for presentation.

Alternatively, when the prediction improvement data
includes an adjustment factor(s), the online system may
generate predicted outcomes for pairs of content items and
users 1n content presentation opportunities based on the
original outcome prediction model, modily the predicted
outcomes based on the adjustment factor(s), and select
content 1tems for presentation to users in the content pre-
sentation opportunities based on the modified predicted
outcomes.

Using the system described above, the online system 1s
able to provide to the third-party system with the ability to
improve the selection of users to whom content from the
third-party system 1s presented by passing additional infor-
mation to the online system, while still being able to hide the
actual meaning behind any data that 1s passed to the online

system, thus ensuring the continued confidentiality and
privacy of data belonging to the third-party system.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 1s a high level block diagram of a system envi-
ronment for an online system, according to an embodiment.

FIG. 2 1s an example block diagram of an architecture of
the online system, according to an embodiment.

FIG. 3 1s a hybrid data flow diagram illustrating the path
of data 1n a method for transmitting data between the
third-party system and the online system to improve predic-
tion of outcomes, according to an embodiment.

FIG. 4 15 a flowchart of one embodiment of a method 1n
an online system for transmitting data between the third-
party system and the online system to improve prediction of
outcomes, according to an embodiment.

The figures depict various embodiments of the present
invention for purposes of 1llustration only. One skilled 1n the
art will readily recognize from the following discussion that
alternative embodiments of the structures and methods 1llus-
trated herein may be employed without departing from the
principles of the invention described herein.
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3
DETAILED DESCRIPTION

I. System Architecture

FIG. 1 1s a high level block diagram of a system envi-
ronment 100 for an online system 140, according to an
embodiment. The system environment 100 shown by FIG. 1
comprises one or more client devices 110, a network 120,
one or more third-party systems 130, and the online system
140. In alternative configurations, different and/or additional
components may be included in the system environment
100. In one embodiment, the online system 140 1s a social
networking system.

The client devices 110 are one or more computing devices
capable of receiving user mput as well as transmitting and/or
receiving data via the network 120. In one embodiment, a
client device 110 1s a conventional computer system, such as
a desktop or laptop computer. Alternatively, a client device
110 may be a device having computer functionality, such as
a personal digital assistant (PDA), a mobile telephone, a
smartphone or another suitable device. A client device 110
1s configured to communicate via the network 120. In one
embodiment, a client device 110 executes an application
allowing a user of the client device 110 to interact with the
online system 140. For example, a client device 110
executes a browser application to enable interaction between
the client device 110 and the online system 140 via the
network 120. In another embodiment, a client device 110
interacts with the online system 140 through an application
programming interface (API) running on a native operating,
system of the client device 110, such as IOS® or
ANDROID™,

The client devices 110 are configured to communicate via
the network 120, which may comprise any combination of
local area and/or wide area networks, using both wired
and/or wireless communication systems. In one embodi-
ment, the network 120 uses standard communications tech-
nologies and/or protocols. For example, the network 120
includes communication links using technologies such as
Ethernet, 802.11, worldwide interoperability for microwave
access (WiIMAX), 3G, 4G, code division multiple access
(CDMA), digital subscriber line (DSL), etc. Examples of
networking protocols used for communicating via the net-
work 120 include multiprotocol label switching (MPLS),
transmission control protocol/Internet protocol (TCP/IP),
hypertext transport protocol (HT'TP), simple mail transier
protocol (SMTP), and file transier protocol (FTP). Data
exchanged over the network 120 may be represented using
any suitable format, such as hypertext markup language
(HIML) or extensible markup language (XML). In some
embodiments, all or some of the communication links of the
network 120 may be encrypted using any suitable technique
or techniques.

One or more third-party systems 130, such as a sponsored
content provider system, may be coupled to the network 120
for communicating with the online system 140, which 1s
turther described below 1n conjunction with FIG. 2. In one
embodiment, a third-party system 130 i1s an application
provider communicating information describing applica-
tions for execution by a client device 110 or communicating,
data to client devices 110 for use by an application executing
on the client device. In other embodiments, a third-party
system 130 provides content or other information for pre-
sentation via a client device 110. A third-party website 130
may also communicate mmformation to the online system
140, such as content, or mformation about an application

provided by the third-party website 130. Specifically, in one
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4

embodiment, a third-party system 130 transmits the spon-
sored content to the online system 140 for display to users

of the client devices 110. The sponsored content may be
created by the enftity that owns the third-party system 130.
Such an enfity may be a company producing a product,
service, message, or something else that the company wishes
to promote.

II. Example Online System

FIG. 2 1s an example block diagram of an architecture of
the online system 140, according to an embodiment. The
online system 140 shown in FIG. 2 includes a user profile
store 205, a content store 210, an action logger 215, an
action log 220, an edge store 225, a sponsored content
request store 230, a web server 235, data collector 240,
prediction error info 250, prediction improvement data 260,
and prediction improvement module 270. In other embodi-
ments, the online system 140 may include additional, fewer,
or different components for various applications. Conven-
tional components such as network interfaces, security func-
tions, load balancers, failover servers, management and
network operations consoles, and the like are not shown so
as to not obscure the details of the system architecture.

Each user of the online system 140 1s associated with a
user profile, which 1s stored 1n the user profile store 205. A
user profile includes declarative information about the user
that was explicitly shared by the user and may also include
profile information inferred by the online system 140. In one
embodiment, a user profile icludes multiple data fields,
cach describing one or more attributes of the corresponding
user of the online system 140. Examples of information
stored 1n a user profile include biographic, demographic, and
other types of descriptive information, such as work expe-
rience, educational history, gender, hobbies or preferences,
location and the like. A user profile may also store other
information provided by the user, for example, 1mages or
videos. In certain embodiments, images of users may be
tagged with 1dentification information of users of the online
system 140 displayed 1n an image. A user profile 1n the user
profile store 205 may also maintain references to actions by
the corresponding user performed on content items 1n the
content store 210 and stored in the action log 220.

While user profiles in the user profile store 205 are
frequently associated with individuals, allowing individuals
to mteract with each other via the online system 140, user
profiles may also be stored for entities such as businesses or
organizations. This allows an entity to establish a presence
on the online system 140 for connecting and exchanging
content with other online system users. The entity may post
information about 1itself, about 1ts products or provide other
information to users of the online system using a brand page
associated with the entity’s user profile. Other users of the
online system may connect to the brand page to receive
information posted to the brand page or to receive informa-
tion from the brand page. A user profile associated with the
brand page may include information about the entity itselt,
providing users with background or informational data about
the entity.

The content store 210 stores objects that each represent
various types of content. Examples of content represented
by an object include a page post, a status update, a photo-
graph, a video, a link, a shared content item, a gaming
application achievement, a check-in event at a local busi-
ness, a brand page, or any other type of content. Online
system users may create objects stored by the content store
210, such as status updates, photos tagged by users to be
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associated with other objects 1n the online system, events,
groups or applications. In some embodiments, objects are
received from third-party applications or third-party appli-
cations separate from the online system 140. In one embodi-
ment, objects 1n the content store 210 represent single pieces
of content, or content “items.” Hence, users of the online
system 140 are encouraged to communicate with each other
by posting text and content 1tems of various types ol media
through various communication channels. This increases the
amount of iteraction of users with each other and increases
the frequency with which users interact within the online
system 140.

The action logger 215 receives communications about
user actions internal to and/or external to the online system
140, populating the action log 220 with information about
user actions. Examples of actions include adding a connec-
tion to another user, sending a message to another user,
uploading an 1mage, reading a message from another user,
viewing content associated with another user, attending an
event posted by another user, among others. In addition, a
number of actions may involve an object and one or more
particular users, so these actions are associated with those
users as well and stored in the action log 220.

The action log 220 may be used by the online system 140
to track user actions on the online system 140, as well as
actions on third-party systems 130 that communicate infor-
mation to the online system 140. Users may interact with
various objects on the online system 140, and information
describing these interactions are stored 1n the action log 210.
Examples of interactions with objects include: commenting
on posts, sharing links, and checking-in to physical locations
via a mobile device, accessing content 1tems, and any other
interactions. Additional examples of interactions with
objects on the online system 140 that are included 1n the
action log 220 include: commenting on a photo album,
communicating with a user, establishing a connection with
an object, joining an event to a calendar, joining a group,
creating an event, authorizing an application, using an
application, expressing a preference for an object (“liking”
the object) and engaging in a transaction. Additionally, the
action log 220 may record a user’s interactions with spon-
sored content on the online system 140 as well as with other
applications operating on the online system 140. In some
embodiments, data from the action log 220 1s used to nfer
interests or preferences of a user, augmenting the interests
included in the user’s user profile and allowing a more
complete understanding of user preferences.

The action log 220 may also store user actions taken on
a third-party system 130, such as an external website, and
communicated to the online system 140. For example, an
e-commerce website that primarily sells sporting equipment
at bargain prices may recognize a user of an online system
140 through a social plug-in enabling the e-commerce
website to 1dentily the user of the online system 140.
Because users of the online system 140 are uniquely 1den-
tifiable, e-commerce websites, such as this sporting equip-
ment retailer, may communicate information about a user’s
actions outside of the online system 140 to the online system
140 for association with the user. Hence, the action log 220
may record mformation about actions users perform on a
third-party system 130, including webpage viewing histo-
ries, sponsored content that were engaged, purchases made,
and other patterns from shopping and buying.

In one embodiment, an edge store 225 stores information
describing connections between users and other objects on
the online system 140 as edges. Some edges may be defined
by users, allowing users to specily their relationships with
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other users. For example, users may generate edges with
other users that parallel the users’ real-life relationships,
such as friends, co-workers, partners, and so forth. Other
edges are generated when users interact with objects 1n the
online system 140, such as expressing interest in a page on
the online system, sharing a link with other users of the
online system, and commenting on posts made by other
users of the online system.

In one embodiment, an edge may include various features
cach representing characteristics of interactions between
users, interactions between users and object, or interactions
between objects. For example, features included 1n an edge
describe rate of interaction between two users, how recently
two users have interacted with each other, the rate or amount
ol mformation retrieved by one user about an object, or the
number and types of comments posted by a user about an
object. The features may also represent information describ-
ing a particular object or user. For example, a feature may
represent the level of interest that a user has 1n a particular
topic, the rate at which the user logs into the online system
140, or information describing demographic information
about a user. Each feature may be associated with a source
object or user, a target object or user, and a feature value. A
feature may be specified as an expression based on values
describing the source object or user, the target object or user,
or interactions between the source object or user and target
object or user; hence, an edge may be represented as one or
more feature expressions.

The edge store 225 also stores information about edges,
such as athnity scores for objects, interests, and other users.
Afhmty scores, or “athnities,” may be computed by the
online system 140 over time to approximate a user’s aflinity
for an object, interest, and other users 1n the online system
140 based on the actions performed by the user. A user’s
allinity may be computed by the online system 140 over time
to approximate a user’s ailinity for an object, interest, and
other users 1n the online system 140 based on the actions
performed by the user. Computation of athnity i1s further
described 1n U.S. patent application Ser. No. 12/978,2635,
filed on Dec. 23, 2010, U.S. patent application Ser. No.
13/690,254, filed on Nov. 30, 2012, U.S. patent application
Ser. No. 13/689,969, filed on Nov. 30, 2012, and U.S. patent
application Ser. No. 13/690,088, filed on Nov. 30, 2012,
cach of which 1s hereby incorporated by reference i 1ts
entirety. Multiple interactions between a user and a specific
object may be stored as a single edge in the edge store 225,
in one embodiment. Alternatively, each interaction between
a user and a specific object 1s stored as a separate edge. In
some embodiments, connections between users may be
stored 1n the user profile store 205, or the user profile store
203 may access the edge store 225 to determine connections
between users.

The sponsored content request store 230 stores one or
more sponsored content requests. Sponsored content 1s
content that an entity (1.e., a sponsored content provider)
presents to users of an online system and allows the spon-
sored content provider to gain public attention for products,
services, opinions, causes, or messages and to persuade
online system users to take an action regarding the entity’s
products, services, opinions, or causes. A sponsored content
request includes sponsored content and a value amount (e.g.,
a “bid value™). The sponsored content 1s text, image, audio,
video, or any other suitable data presented to a user. In
various embodiments, the sponsored content also includes a
landing page specilying a network address to which a user
1s directed when the sponsored content 1s accessed. The
value amount 1s associated with an ad request by a sponsored
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content provider (who may be the enftity providing the
sponsored content) and 1s used to determine an expected
value, such as monetary compensation, provided by a spon-
sored content provider to the online system 140 1f sponsored
content 1n the sponsored content request 1s presented to a
user, 1 the sponsored content in the sponsored content
request recetves a user interaction when presented, or if any
suitable condition 1s satisfied when sponsored content 1n the
sponsored content request 1s presented to a user. In some
embodiments, the expected value to the online system 140
of presenting the sponsored content may be determined by
multiplying the value amount by a probability of the spon-
sored content being accessed by a user. In one embodiment,
a sponsored content 1s an advertisement.

Additionally, a sponsored content request may include
one or more targeting criteria specified by the sponsored
content provider. Targeting criteria included 1n a sponsored
content request specily one or more characteristics of users
cligible to be presented with sponsored content in the
sponsored content request. For example, targeting criteria
are used to identily users having user profile information,
edges, or actions satisfying at least one of the targeting
criteria. Hence, targeting criteria allow an sponsored content
provider to identity users having specific characteristics,
simplifying subsequent distribution of content to different
users.

In one embodiment, targeting criteria may specily actions
or types of connections between a user and another user or
object of the online system 140. Targeting criteria may also
specily interactions between a user and objects performed
external to the online system 140, such as on a third-party
system 130. For example, targeting criteria 1dentifies users
that have taken a particular action, such as sent a message to
another user, used an application, joined a group, left a
group, joined an event, generated an event description,
purchased or reviewed a product or service using an online
marketplace, requested information from a thuird-party sys-
tem 130, installed an application, or performed any other
suitable action. Including actions in targeting criteria allows
sponsored content providers to further refine users eligible to
be presented with sponsored content from an sponsored
content request. As another example, targeting criteria 1den-
tifies users having a connection to another user or object or
having a particular type of connection to another user or
object.

The web server 235 links the online system 140 via the
network 120 to the one or more client devices 110, as well
as to the one or more third-party systems 130. The web
server 235 serves web pages, as well as other web-related
content, such as JAVA®, FLASH®, XML and so forth. The
web server 235 may receive and route messages between the
online system 140 and the client device 110, for example,
instant messages, queued messages (e.g., email), text mes-
sages, short message service (SMS) messages, or messages
sent using any other suitable messaging technique. A user
may send a request to the web server 245 to upload 1infor-
mation (e.g., images or videos) that are stored 1n the content
store 210. Additionally, the web server 235 may provide
application programming interface (API) functionality to
send data directly to native client device operating systems,
such as JIOS®, ANDROID™,  WEBOS® or RIM®.

Data Collector

The data collector 240 collects the prediction error nfo
250 for transmission to a third-party system 130 for the
determination of the prediction improvement data. For each
content distribution program, the data collector 240 may
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8

collect predicted outcome and actual outcome information,
in addition to other supporting data.

A content distribution program includes instructions and
specifications from a third-party system 130 to the online
system 140 for how to distribute content 1tems to users of the
online system for presentation. Thus, the execution of the
content distribution program by the online system 140
results 1 a series of content presentations to users of the
online system. The content that 1s presented 1s provided or
specified by the third-party system 130. The content may be,
for example, sponsored content, as described above, and the
third-party system 130 may be an advertiser. The content
distribution program additionally specifies a set of user
specifications that define a set of one or more user charac-
teristics (e.g., demographics), user actions in the online
system 140, and other events or details that may be used to
identify users. For example, user specifications could
specily males age 18-24 who have liked the page of a sports
drink page on the online system 140. In one embodiment, the
user specifications include the targeting criteria described
above. Those users of the online system that meet the user
specifications are presented with the content of the content
distribution program.

The content distribution program may include additional
details, such as user values, a total value, and a timeframe.
The user values indicate an amount of resources (e.g.,
computer resources, human resources, monetary compensa-
tion) that a third-party system 130 may wish to expend to
have the opportunity to present content to a user. The user
values may be specific to individual users, or may be the
same for multiple users. In one embodiment, the user values
are modified by the online system 140 for each user based
on the likelihood of the user to perform the desired outcome
specified by the third-party system 130 (e.g., such as 1n an
optimized cost per mile (CPM) program). In one embodi-
ment, the user value 1s the bid value as described above.

The total value indicates a total number of resources a
third-party system 130 has indicated to expend for the entire
content distribution program. These are usually the same
type of resources that are specified by the user value. The
timeframe indicates a schedule, e.g., day of the week, start
and stop timestamp, etc., that indicates when to execute the
content distribution program. Outside the schedule, the
program 1s not executed, and no content from the program
1s transmitted to users’ client devices for presentation.

The outcome indicates a selected user interaction which
may be caused by presenting the content to the users in the
content distribution program. The user interaction may
include any type of interaction or action caused by the user,
such as a click, view, like, user registration, purchase, 1nstall,
comment post, etc., or any of the other actions described
above (with reference to the sponsored content request
store). The user interaction may occur at the third-party
system 130 or at the online system 140. The user interaction
may occur immediately after the presentation of the content
or many days, months, or years after. In one embodiment,
the outcome may be known as a conversion. In another
embodiment, an outcome 1s specifically the case where a
user clicks (or otherwise interacts) with the content pre-
sented to the user, causing the user’s client device to direct
the user to a source, such as a web page, provided by the
third-party system 130, in accordance with executable
instructions (e.g., a hyperlink) provided along with the
content 1tem. The particular outcome for a content distribu-
tion program may be selected by the third-party system 130
or (as a default selection) the online system 140. In general,
the occurrence of the outcome coniers some benefit or 1s
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desirable to the third-party system 130. In one embodiment,
the outcome indicates events other than a user interaction
that may be caused from presentation of the content to a
user, such as some indirect event that may not be caused
directly by a user interaction.

When a target user utilizes the online system 140, one or
more content presentation opportunities may arise. These
opportunities are where the online system 140 may select
content from one of many content distribution programs to
present content to the user. For each content presentation
opportunity, the online system 140 selects a content 1tem
from a plurality of content distribution programs from
different third-party systems 130 for presentation to the
target user. The online system 140 may select such oppor-
tunities based on which content distribution program speci-
fies the highest user value, the number of user specification
clements of the content distribution program that the target
user matches, and so on. In one embodiment, the online
system 140 also selects a content item based on a predicted
outcome for that combination of content and user. The
predicted outcome 1s estimated by the online system 140 and
determines the likelihood that the outcome specified by the
third-party system 130 in the content distribution program
would occur 11 the content from the program were presented
to the user. It the predicted outcome 1s higher for a content
item, that content item may be selected for presentation over
another content 1item with a lower predicted outcome.

The predicted outcome may be computed by the online
system 140 from analyzing historical data for the target user,
for the third-party system 130, for the content distribution
program, and so on. From this analysis, the online system
140 may be able to determine a historical rate of outcome
occurrence given similar circumstances, and determine that
the predicted outcome should be the same or similar to this
historical rate. For example, a predicted outcome (e.g., the
chance of a click) may be computed as 50% for a content
item and user based on the user’s outcome occurrence for
content 1tems from similar content distribution programs 1n
the past.

In one embodiment, the online system 140 may use
machine learning models to determine the predicted out-
come of a content item from a content distribution program.

Different models may be trained for different groups of

content distribution programs and/or third-party systems
130 having similar characteristics. Each model may be
trained from historical data including information about
users, content presented, whether an outcome occurred,
keywords for characteristics, and so on. Using the model, the
online system 140 1s able to estimate the likelithood of an
outcome occurring, 1.¢., the predicted outcome. In one
embodiment, the predicted outcome 1s also known as an
estimated conversion rate (eCVR) and/or an estimated click
thru rate (eCTR).

Additional details regarding the estimation of the outcome
likelihood are described 1n U.S. application Ser. No. 15/261,
746, filed Sep. 9, 2016, and Ser. No. 15/203,786, filed Jul.
6, 2016, both of which are incorporated by reference 1n their
entirety.

When a content item 1s presented to a user, the data
collector 240 may collect a content identifier, contextual
metadata, an i1dentifier of the user that the content was
presented to, a timestamp, the predicted outcome as com-
puted by the online system 140 for the content presentation,
and the actual outcome for the content presentation, 1f any.

The content and user 1dentifiers 1dentity the content and
user respectively. These identifiers may be retrieved or
received by the data collector 240 from the third-party
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system 130, such that the identifiers are shared between the
online system 140 and the third-party system 130. For
example, the user identifiers could be email addresses. The
user i1dentiflers may also be hash values, such that no
personally identifiable information can be extracted using
the user identifiers. In one embodiment, the third-party
system 130 1s able to use an application programming
interface (API) to determine a number of shared user 1den-
tifiers.

The contextual metadata may include contextual infor-
mation about the content presentation, such as on what type
of device (e.g., mobile, desktop, etc.) the content presenta-
tion was made, the geolocation of the network address from
which the user’s client device 1s accessing, the location in
the online system 140 where the user was visiting/browsing,
the user value selected, content distribution program i1den-
tifier, etc.

The actual outcome indicates whether the outcome actu-
ally occurred for the content presentation. For example, 1f
the outcome 1ndicates a click by a user, then 1f a user actually
performed a click, then the actual outcome indicate that the
click did occur. This 1s 1n contrast to the predicted outcome,
which predicts whether the click might occur (e.g., as a
percentage or real values representing an outcome of the
click, e.g., a monetary value).

The data collector 240 may collect some or all of the data
described above. The data collector 240 may collect data to
different levels of granulanty and detail for different content
distribution programs. At the highest granularity, the data
collector 240 collects every content presentation. At lower
granularities, the data collector 240 may collect only a
random sampling ol content presentations. The data collec-
tor 240 may collect data at differing levels of detail. At the
highest levels of detail, the mformation collected 1s stored
as-1s without modification. At lower levels of detail, the data
collector 240 may “fuzz” the data by obﬁlsca‘[mg it, reducing
the data’s degree of accuracy (e.g., by removing significant
digits, giving only a general range, etc.), deleting parts of the
data, and so on. For example, instead of collecting a time-
stamp, the data collector 240 only stores a counter value that
increments for each new content presentation recorded (for
cach content distribution program). In one embodiment, the
data collector 240 only collects the predicted outcome
without any additional information. In another embodiment,
the data collector 240 only collects the predicted outcome
along with the content 1dentifier.

The data collector 240 stores the collected mnformation as
the prediction error info 2350.

Prediction Error Info

The prediction error info 250 includes the data collected
by the data collector 240. This data may be transmitted by
the online system 140 to the third-party system 130 auto-
matically or upon request from the third-party system 130.
A third-party system 130 only receives the data in the
prediction error info 250 that i1s related to content that the
third-party system 130 provided or selected for presentation
to users of the online system 140. The related prediction
error info 250 may be transmitted in batch, in real-time, via
an API, or through some other means.

Once transmitted to the third-party system 130, the third-
party system 130 models the outcome error 1n the prediction
error 1nfo 250. The outcome error 1s the error between the
actual outcome and the predicted outcome for a content
presentation. The outcome error may be represented by a
numerical difference between the outcome prediction value
and the actual outcome. For example, the actual outcome
may have been assigned numerical values for whether the
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selected outcome for a content presentation occurred or did
not occur (e.g., 0 for no click, and 1 for click), and the
outcome error would be the difference between the numer:-
cal representation of the outcome, and the numerical repre-
sentation of the predicted outcome.

Additional details regarding modeling the outcome error

by the third-party system are described below with reference
to FIG. 3.
Prediction Improvement Data

The prediction improvement data 260 1s received by the
online system 140 from the third-party system 130 based on
the modeling performed by the third-party system 130 on the
outcome error. In cases where the third-party system 130
may not be able to develop a suflicient model for the
outcome error that would be able to predict it accurately, the
online system 140 may receive an indication of such.
Otherwise, the online system 140 receives the prediction
improvement data 260 from the third-party system.

The prediction improvement data 260 may be in various
formats, but allows for the online system 140 to reduce the
outcome error, either by allowing the online system 140 to
compute a more accurate predicted outcome, or by allowing
the online system 140 to adjust the predicted outcome after
it 1s generated.

In the former case, the prediction improvement data 260
may include additional features provided by the third-party
system 130 for the online system 140 (1.e., third-party
feature data) to compute a more accurate predicted outcome.

In the latter case, the prediction improvement data 260
may include an adjustment factor, which can be used by the
online system 140 to adjust the value of the predicted
outcome aiter generating it.

While in the former case, the prediction improvement
data 260 may include the various features used by the
third-party system 130 to generate 1ts model, 1n the latter
case the third-party system 130 need only transmit an
adjustment factor. This latter option allows the third-party
system 130 to obfuscate the features which were used to
predict the outcome error from the online system 140, as
these features may 1n some cases include confidential infor-
mation for the third-party system 130. For example, the
third-party system 130 may have data that could put the

competitor were to discover that data. In such a scenario,
while this information may help the online system 130 in
reducing the outcome error, 1t may be risky for the third-
party system 130 to directly share it with the online system
130. Instead, the third-party system 130 may only transmait
the adjustment factor.

The prediction improvement data 260 may be received in
batch, or in real-time. In one embodiment, the prediction
improvement data 260 1s 1n key-value form. For example,
the key could be a shared user 1dentifier, with the value being,
the data described above (1.e., the features or the adjustment
tactor). The prediction 1mpr0vement data 260 could include
information indicating an expiry data at which point the data
would no longer be valid.

In one embodiment, the online system 140 generates
predicted outcomes and related data for a (maximum num-
ber of) predicted users for whom the online system 140 has
determined are likely (e.g., beyond a threshold percentage or
other value) to be presented with content from the third-
party system 130. The online system 140 generates this
information prior to presenting content to these users. The
online system 140 transmits this information to the third-
party system 130 as prediction error info 250, allowing the

third-party system 130 at a competitive disadvantage if

10

15

20

25

30

35

40

45

50

55

60

65

12

third-party system 130 to pre-emptively model the outcome
error for these users, and return prediction improvement data
260 for these users.

Prediction Improvement Module

The prediction improvement module 270 uses the predic-
tion improvement data 260 to improve the accuracy of the
predicted outcomes generated by the online system 140 for
corresponding content distribution programs.

As noted above, the prediction improvement data 260
may 1nclude either raw features that may be incorporated
into the computation of the predicted outcome, or may
include an adjustment factor for the predicted outcome.

In the first case, the prediction improvement module 270
may further train an existing or new machine learning model
(e.g., a neural network, linear regression model, etc.) using
the additional features received in the prediction improve-
ment data 260. The model may use the previously collected
actual outcome data from the prediction error info 250 with
the new features provided by the third-party system 130 in
the prediction improvement data 260. Thus, for example, the
data collector 240 may have collected a large number of
outcome results for previous content presentations. The
online system 140 uses these actual outcome results as
output labels. For input features, the online system 140 uses
the new features provided in the prediction improvement
data 260, as well as other features available to the online
system 140 and related to each outcome, such as the
characteristics of users that were presented with the content,
the characteristics of the content itself, contextual metadata
regarding the content presentation. With this information,
the prediction improvement module 270 re-trains an existing,
model or a new model to predict a more accurate predicted
outcome.

In one embodiment, the features recerved 1n the prediction
improvement data 260 from the third-party system 130 may
be specific to users of the online system. For example, each
feature may have an associated shared user identifier. The
prediction improvement module 270 may store these user-
based features as custom user features for the third-party
system 130 1n the profile of each associated user. Subse-
quently, during a content presentation, the online system 140
may generate additional predictors based on these customer
user features, and use these predictors to influence the
selection of content for content presentation. For example,
the third-party system 130 may determine that users who
have searched for a particular term on the third-party sys-
tem’s website may be more likely to cause the selected
outcome to occur when presented with content at the online
system 140. The third-party system 130 may thus indicate
such a search (possibly as an obfuscated feature) to the
online system 140 as a custom user feature in order to
improve the accuracy of the predicted outcome computation.

Additional details regarding customer user features are
described in U.S. application Ser. No. 15/206,211, file Jul. 8,
2016, and which 1s herein mcorporated by reference in 1ts
entirety.

In addition to custom features for users, in one embodi-
ment, the prediction improvement data 260 that 1s received
from the third-party system 130 may include custom feature
data (e.g., in the form of a feature vector) for content as well
as users. The exact semantics of this feature data, along with
the feature data for users, may be unknown the online
system 140, thus allowing the third-party system 130 to
preserve the confidentiality of the data if needed. However,
the online system need not know about the exact nature of
the features. There only needs to be suflicient feature data to
be used as input data to generate a more accurate prediction
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ol the outcome. When both user and content feature data 1s
provided, the prediction improvement module 270 can store
this data with the appropriate user profiles and content (e.g.,
in the user profile store 205 and the sponsored content
request store 230 or the content store 210). These user and
content feature data components may later be combined to
generate a combined score (e.g., via a dot product of the user
and content feature vector data), which may be used as a
teature 1n the above model that 1s trained by the prediction
improvement model 270 to make predicted outcomes, or the
combined score may be used to directly modity the pre-
dicted outcome. For example, 11 the combined score 1s high,
then the predicted outcome may be increased.

Additional details regarding the combined use of user and
content feature data received from a third-party system are
described 1n U.S. application Ser. No. 15/365,899, filed Nov.
30, 2016, which 1s incorporated herein by reference 1n 1ts
entirety.

In the second case as described above, instead of raw
teatures, the online system 140 only recerves an adjustment
factor 1n the prediction improvement data 260. As noted, this
adjustment factor 1s used to adjust an already computed
predicted outcome for a content presentation to a user, rather
than as an mput in computing the predicted outcome. In one
embodiment, the prediction 1mprovement module 270
adjusts (e.g., by subtracting from or adding to) the predicted
outcomes generated by the online system 140 by the adjust-
ment factor 1n the prediction improvement data 260. In one
embodiment, the online system 140 recerves multiple adjust-
ment factors, which may correspond to each user, sets of
users, sets of content items, and so on. In such a case, the
prediction improvement module 270 adjusts the generated
predicted outcomes based on the corresponding adjustment
factor.

Additional details regarding the above described simula-
tion method are provided below with reference to FIGS. 3-4.
Exemplary Advantages

Using the system described above, the online system 140
1s able to provide to the third-party system 130 with the
ability to improve the selection of users to whom content
from the third-party system 1s presented by passing addi-
tional information to the online system, while still being able
to hide the actual meaning behind any data that 1s passed to
the online system, thus ensuring the continued confidenti-
ality and privacy of data belonging to the third-party system.
This advantage applies to the online system as well, as 1t
need only transmit the outcome error information, as
described above, and so no other proprietary information 1s
transmitted. In addition, the online system, using this
method, can more eflectively and efliciently present content
to those users that are most likely to cause the outcome to
occur. Additionally, the third-party system may be able
gather more accurate statistics using the more objective
outcome error data. Traditionally, the third-party system 130
may only be able to gather data about content presentations
in comparison with other third-party systems 130 which are
competing (e.g., bidding) for the same content presentation
opportunity. This presents data that may be 1naccurate due to
the changing influence from the other third-party systems.
Instead, by using the error outcome data, the third-party
system 130 can have a cleaner set of data on which to base
computations for long term outcome rates and other statis-
tics.

III. Exemplary Diagram Illustrating Data Flow for
Transmitting Data Between the Third-Party System

and the Online System to Improve Prediction of
Outcomes

FIG. 3 1s a hybrid data flow diagram 1llustrating the path
of data 1n a method for transmitting data between the
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third-party system and the online system to improve predic-
tion of outcomes, according to an embodiment. Although a
certain data flow and data elements are shown in FIG. 3, in
other embodiments a different data flow and/or different
clements are used.

Initially, the data collector 240 collects information about
content presentations made to users of the online system
140. This information 1s stored as the prediction error info
250. As noted above, the prediction error info 250 may
include more detailed information about each content pre-
sentation, such as the content identifier, user i1dentifier,
contextual metadata, timestamp, predicted outcome, actual
outcome, etc., or may simply indicate the outcome error.

This information 1s transmitted by the online system 140
to the third-party system 130. The third-party system per-
forms error modeling 135 on the outcome error provided by
the prediction error mnfo 250. As noted, the outcome error 1s
the error between the actual outcome and the predicted
outcome for a content presentation. The outcome error may
be represented by a numerical difference between the pre-
dicted outcome and the actual outcome, or may be binary,
being set to one value (e.g., 0) 1f the difference between the
predicted outcome and the actual outcome exceeds a thresh-
old or set to another value (e.g., 1) 11 the opposite 1s true. For
example, 1f the predicted outcome 1s 85%, and the actual
outcome 1s 1 (1.e., true), then the outcome error may be 0.15
or may be O 1f the threshold 1s, e.g., 25%.

The third-party system 130 may model the outcome error
over multiple content presentations using the prediction
error info 250. The data 1n the prediction error info 250 (e.g.,
the user 1dentifier and the content 1dentifiers) may be used to
identify for the third-party system 130 the associated user
and content related to each outcome error, which may be
used to i1dentity additional data related to the associated
content presentation that 1s available to the third-party
system 130. The third-party system may also retrieve addi-
tional mput data sourced from the third-party system 130 as
input data for traiming the model of the outcome error. The
outcome error serves as the output label data for training the
model.

The third-party system 130 may use various techniques to
model the outcome error, such as using linear regression,
gradient boosted decision trees, neural networks, clustering,
any other modeling techniques, and/or a combination
thereof. If the third-party system 130 1s able to model the
outcome error, the online system 140 receives from the
third-party system the prediction improvement data 260. A
noted above, the third-party system 130 may transmit as
prediction improvement data 260 those features used to
model the outcome error which the third-party system 130
determined to be significant in predicting the outcome error.
These may be features that increase the accuracy of the
prediction of the outcome error (e.g., as measured by a
statistical variance) beyond a threshold amount, when the
model 1s used on a set of verification data (e.g., a randomly
sampled subset of the prediction error info 250).

As these features may comprise any value, the third-party
system 130 1s free to choose the format of the feature. Thus,
while the feature may be derived from a confidential piece
of information, the third-party system 130 can modify the
teature such that the confidential nature of the information 1s
no longer apparent. For example, the third-party system 130
may change the scale, change the granularity, transform the
data, etc., 1n order to create a feature that is relevant to the
prediction of the outcome error, but no longer presents any
knowledge of the underlying information used to create it.
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Instead of providing the features in the prediction
improvement data 260, in one embodiment, the third-party
system 130 may only transmit an adjustment factor adjusting
for the inaccurate predicted outcomes computed by the
online system 140. The third-party system 130 may derive
this value from the modeling of the outcome error. If the
outcome error includes a systemic component (1.e., all
outcome errors have a minimum error amount), then the
third-party system 130 may set the adjustment factor to this
systemic component. Alternatively, the third-party system
130 may compute a more granular set of adjustment factors,
with one for each user, group of users (e.g., those with
certain characteristics), content item, content distribution
program, and so on, based on patterns 1n outcome error that
the third-party system 130 has determined from modeling
the outcome error over a large amount of data.

However, 11 the third-party system 130 1s unable to fit a
model to the error properly using any available features
(e.g., the error as modeled by the third-party system 130
exceeds the actual error by a variance threshold), then the
third-party system 130 may notify the online system of the
tailure.

In one embodiment, the third-party system 130 may
access some API or other software provided by the online
system 140 for the modeling of the outcome error. This
online system-provided model may accept, during training,
the outcome error amounts as output labels and as input any
of third-party system features provided by the third-party
system (e.g., an embedding of various third-party features
specified by the third-party system 130). The model deter-
mines which features provided by the third-party system 130
weigh strongly 1n the prediction of the outcome error. These
features may be included 1n the prediction improvement data
260. The model may use various methods, such as an
ensemble learning method, a neural network, support vector
machine, clustering, or any other machine learning method,
such as those described above. This model may be provided
by the online system 140 for execution on the third-party
system.

The prediction improvement data 250 1s provided by the
third-party system 130 and includes features that may be
integrated into the online system 140 to assist in predicting
a more accurate predicted outcome and/or may include an
adjustment factor that can be used by the online system 140
to adjust the computed predicted outcomes.

Regardless of the format of the prediction improvement
data 250, the prediction improvement module 270 uses the
prediction improvement data 250 to have the online system
140 generate more accurate predicted outcomes for content
presentations, as described above with regards to FIG. 2.

After processing the prediction improvement data 250,
the online system 140, when presenting content from con-
tent distribution programs 315, generates new predicted
outcomes based on the received prediction improvement
data 250. This may cause different content to be selected for
presentation to a user compared to the selection process
prior to receipt of the prediction improvement data 250.

For example, the online system 140 may 1n one case select
a content item for presentation to a user for which a
computed predicted outcome 1s highest or higher than a
predicted outcome for an alternative content i1tem. If using
the process described here the online system 140 later
determines that the alternative content 1tem now has a higher
relative predicted outcome, or that the presented content
item has a lower relative predicted outcome, the online
system 140 may 1nstead in the future present the alternative
content item to the user.
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The process described above, with the collection of data

at the data collector 240, the modeling of the outcome error,

the receipt of the prediction improvement data 260, and the
modification of the predicted outcome, may repeat as the
online system 140 changes its methods of generating the
predicted outcome, or as the third-party system 130 gener-
ates more accurate models of the outcome error. For
example, either the online system 140 or the third-party
system 130 develop additional feature data for the compu-
tation of the predicted outcome, or the modeling of the
outcome error, respectively. These changes causes the pre-
vious data become stale, and so the new data 1s sent between
the online system 140 and the third-party system 130,
updating the error modeling at the third-party system 130 or
updating the prediction improvement data 260 1n order to
update the computation of the predicted outcomes.

In addition to being used by the online system 140, the
data collected here may also assist the third-party system
130 1n customizing their content distribution program speci-
fications. For example, the third-party program 130 may
determine that a certain feature describing users i1s very
predictive of the outcome error (1.e., increases the prediction
accuracy by a threshold amount). Due to this, the third-party
system 130 may in the future specily users for content
distribution programs that have some specific value for that
feature.

For example, a third-party system 130 may note a feature
whereby whether a user has accessed a mobile application of
the third-party system 130 1s able to improve the accuracy of
its model of the outcome error. In the future, the third-party
system 130 may use this feature to 1dentily users who used
the mobile application, and specifically specily users of the
online system 140 that have visited the mobile application
when presenting content to users of the online system 140 in
a new content distribution program.

IV. Exemplary Flow

FIG. 4 15 a flowchart of one embodiment of a method 1n
an online system for transmitting data between the third-
party system and the online system to improve prediction of
outcomes, according to an embodiment. In other embodi-
ments, the method may include different and/or additional
steps than those described in conjunction with FIG. 4.
Additionally, 1n some embodiments, the method may per-
form the steps described in conjunction with FIG. 4 1n
different orders. In one embodiment, the method 1s per-
formed by one or more of the modules of the online system
140 described above.

The online system 140 generates 505 predicted outcomes
using a trained outcome prediction model for a plurality of
content presentations to users of the online system 140. Each
predicted outcome indicates a likelthood of a particular user
interaction (e.g., a click, view, etc.) 1 response to a user
being presented with the content from a third-party system.

The online system 140 transmits 410 prediction error
information to the third-party system. The prediction error
information includes information for the third-party system
to model an outcome error between the predicted outcomes
and the actual outcomes. After transmitting the prediction
error to the third-party system 130, the third-party system
may train an error prediction model for the outcome error
using 1nput data sourced from the third-party system.

The prediction error information may include, for each
content presentation of content from the third-party system,
a predicted outcome and an actual outcome for the content
presentation. Alternatively, the prediction error information
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may include, for each content presentation of content from
the third-party system, the outcome error for the content

presentation (i.e., the difference 1n value between the pre-
dicted outcome and a numerical representation of the actual
outcome for the content presentation). The prediction error
information may also include content 1dentifiers, user 1den-
tifiers, and timestamps for the plurality of content presen-
tations.

The third-party system 130 transmits prediction improve-
ment data to the online system, with the prediction improve-
ment data including feature data based on selected input
data. The mput data 1s selected such that, when used on the
error prediction model, increases the accuracy of the error
prediction model by a threshold amount. Alternatively, the
third-party system 130 may transmit prediction improve-
ment data to the online system 140, with the prediction
improvement data including an adjustment factor used to
adjust the predicted outcomes generated by the online sys-
tem 140 to reduce the outcome error.

The online system 140 receives 4135 the prediction
improvement data from the third-party system. As noted, the
prediction improvement data includes additional data for the
online system to reduce the outcome error in predicted
outcomes generated during subsequent content presentation
opportunities.

The online system 140 selects 420 content 1tems for
presentation to users of the online system in content pre-
sentation opportunities based on predicted outcomes gener-
ated using the recerved prediction improvement data.

When the prediction improvement data includes addi-
tional features, the online system 140 may re-train the
outcome prediction model with the additional feature data as
additional mput data for the outcome prediction model. The
online system may also generate predicted outcomes for
pairs of content 1tems and users in content presentation
opportunities based on the re-trained outcome prediction
model, and select content items for presentation to users in
the content presentation opportunities based on the predicted
outcomes generated for the respective pairs of content 1tems
and users.

Note that additional feature data may be obfuscated, such
that the semantics of the additional feature data are undis-
coverable from the additional feature data itsell.

When the prediction improvement data includes an
adjustment factor(s), the online system 140 may generate
predicted outcomes for pairs of content 1tems and users in
content presentation opportunities based on the outcome
prediction model, modity the predicted outcomes based on
the adjustment factor(s), and select content 1tems for pre-
sentation to users in the content presentation opportunities
based on the modified predicted outcomes associated with
the respective pairs of content 1tems and users.

The online system 140 transmits 425 the selected content
items to users for presentation.

V. Other Considerations

The foregoing description of the embodiments of the
invention has been presented for the purpose of illustration;
it 1s not intended to be exhaustive or to limit the invention
to the precise forms disclosed. Persons skilled 1n the relevant
art can appreciate that many modifications and variations are
possible 1n light of the above disclosure.

Some portions of this description describe the embodi-
ments of the invention in terms of algorithms and symbolic
representations of operations on information. These algo-
rithmic descriptions and representations are commonly used
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by those skilled in the data processing arts to convey the
substance of their work effectively to others skilled in the
art. These operations, while described functionally, compu-
tationally, or logically, are understood to be implemented by
computer programs or equivalent electrical circuits, micro-
code, or the like. Furthermore, 1t has also proven convenient
at times, to refer to these arrangements of operations as
modules, without loss of generality. The described opera-
tions and their associated modules may be embodied in
soltware, firmware, hardware, or any combinations thereof.

Any of the steps, operations, or processes described
herein may be performed or implemented with one or more
hardware or software modules, alone or 1n combination with
other devices. In one embodiment, a software module 1s
implemented with a computer program product comprising
a computer-readable medium containing computer program
code, which can be executed by a computer processor for
performing any or all of the steps, operations, or processes
described.

Embodiments of the mvention may also relate to an
apparatus for performing the operations herein. This appa-
ratus may be specially constructed for the required purposes,
and/or 1t may comprise a general-purpose computing device
selectively activated or reconfigured by a computer program
stored 1n the computer. Such a computer program may be
stored 1n a non-transitory, tangible computer readable stor-
age medium, or any type of media suitable for storing
clectronic instructions, which may be coupled to a computer
system bus. Furthermore, any computing systems referred to
in the specification may include a single processor or may be
architectures employing multiple processor designs for
increased computing capability.

Embodiments of the invention may also relate to a prod-
uct that 1s produced by a computing process described
herein. Such a product may comprise information resulting
from a computing process, where the information 1s stored
on a non-transitory, tangible computer readable storage
medium and may include any embodiment of a computer
program product or other data combination described herein.

Finally, the language used in the specification has been
principally selected for readability and instructional pur-
poses, and 1t may not have been selected to delineate or
circumscribe the immventive subject matter. It 1s therelore
intended that the scope of the invention be limited not by this
detailed description, but rather by any claims that issue on
an application based hereon. Accordingly, the disclosure of
the embodiments of the mvention 1s intended to be illustra-
tive, but not limiting, of the scope of the invention, which 1s
set forth in the following claims.

What 1s claimed 1s:

1. A method, comprising:

generating, at an online system, a plurality of predictions
using a prediction model, where the prediction model 1s
trained to receive a plurality of input features and
output a prediction that comprises a likelihood of a
particular future event;

transmitting prediction error information from the online
system to a third-party system, the prediction error
information comprising an outcome error between pre-
dicted outcomes and actual outcomes for each of the
plurality of predictions, the prediction error informa-
tion thereby enabling the third-party system to model
an outcome error between the predicted outcomes and
the actual outcomes:;

recerving prediction improvement data at the online sys-
tem {from the third-party system, the prediction
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improvement data including data for additional features
for the prediction model to reduce the outcome error 1n
the predictions;

re-training, by the online system, the prediction model

using the plurality of mnput features and the additional
features as inputs to the prediction model;

receiving information, at the online system from the

third-party system, for the additional features of a
potential future event;

predicting a likelihood of the potential future event by

applying the re-tramned prediction model to a set of
input features and the received additional features for
the event.

2. The method of claim 1, wherein transmitting the
prediction error information to the third-party system causes
the third-party system to train an error prediction model for
the outcome error using mmput data sourced from the third-

party system.
3. The method of claim 2, wherein transmitting the

prediction error information to the third-party system further
causes the third-party system to transmit the prediction
improvement data to the online system, the prediction
improvement data including feature data based on selected
input data, wherein the selected input data, when used on the
error prediction model, increases the accuracy of the error
prediction model by a threshold amount.

4. The method of claim 2, wherein transmitting the
prediction error information to the third-party system further
causes the third-party system to transmit the prediction
improvement data to the online system, the prediction
improvement data including an adjustment factor used to
adjust the predictions generated by the online system to
reduce the outcome error.

5. The method of claim 1, wherein the prediction
improvement data includes additional feature data received
from the third-party system, and wherein the selecting
content 1tems for presentation to users of the online system
turther comprises:

re-training the prediction model with the additional fea-

ture data as additional input data for the prediction
model;

generating predictions for pairs of content items and users

in content presentation opportunities based on the re-
trained prediction model; and

selecting content 1tems for presentation to users in the

content presentation opportunities based on the predic-
tions generated for the respective pairs of content 1tems
and users.

6. The method of claam 1, wherein the data for the
additional features are obfuscated, such that the semantics of
the additional features data are undiscoverable from the data
for the additional features.

7. The method of claim 1, wherein the prediction
improvement data includes one or more adjustment factors
for adjusting generated predictions, and wherein the select-
ing content items for presentation to users of the online
system further comprises:

generating predictions for pairs of content 1items and users

in content presentation opportunities based on the pre-
diction model;

modilying the predictions based on the adjustment fac-

tors; and

selecting content 1tems for presentation to users in the

content presentation opportunities based on the modi-
fied predictions associated with the respective pairs of
content items and users.
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8. The method of claim 1, wherein the prediction error
information comprises, for each content presentation of
content from the third-party system, a prediction and an
actual outcome for the content presentation.

9. The method of claim 1, wherein the prediction error
information comprises, for each content presentation of
content from the third-party system, the outcome error for
the content presentation, the outcome error being the dii-
ference 1 value between the prediction and a numerical
representation of the actual outcome for the content presen-
tation.

10. The method of claim 1, wherein the prediction error
information further includes content 1dentifiers, user identi-
fiers, and timestamps for the plurality of content presenta-
tions.

11. A computer program product comprising a non-tran-
sitory computer readable storage medium having instruc-
tions encoded thereon that, when executed by a processor,
cause the processor to perform a process comprising:

generating, at an online system, a plurality of predictions

using a prediction model, where the prediction model 1s
trained to receive a plurality of input features and
output a prediction that comprises a likelihood of a
particular future event;

transmitting prediction error information from the online

system to a third-party system, the prediction error
information comprising an outcome error between pre-
dicted outcomes and actual outcomes for each of the
plurality of predictions, the prediction error informa-
tion thereby enabling the third-party system to model
an outcome error between the predicted outcomes and
the actual outcomes;

recerving prediction improvement data at the online sys-

tem {from the third-party system, the prediction
improvement data including data for additional features
for the prediction model to reduce the outcome error 1n
the predictions;

re-training, by the online system, the prediction model

using the plurality of input features and the additional
features as 1nputs to the prediction model;

receiving information, at the online system from the

third-party system, for the additional features of a
potential future event;

predicting a likelihood of the potential future event by

applying the re-traimned prediction model to a set of
input features and the recerved additional features for
the event.

12. The computer program product of claim 11, wherein
transmitting the prediction error information to the third-
party system causes the third-party system to train an error
prediction model for the outcome error using input data
sourced from the third-party system.

13. The computer program product of claim 12, wherein
transmitting the prediction error information to the third-
party system further causes the third-party system to trans-
mit the prediction improvement data to the online system,
the prediction improvement data including feature data
based on selected input data, wherein the selected input data,
when used on the error prediction model, increases the
accuracy of the error prediction model by a threshold
amount.

14. The computer program product of claim 12, wherein
transmitting the prediction error information to the third-
party system further causes the third-party system to trans-
mit the prediction improvement data to the online system,
the prediction improvement data including an adjustment
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tactor used to adjust the predictions generated by the online
system to reduce the outcome error.

15. The computer program product of claim 11, wherein
the prediction improvement data includes additional feature
data received from the third-party system, and wherein the
selecting content 1items for presentation to users of the online
system further comprises:

re-training the prediction model with the additional fea-

ture data as additional input data for the prediction
model;

generating predictions for pairs of content 1items and users

in content presentation opportunities based on the re-
trained prediction model; and

selecting content 1tems for presentation to users in the

content presentation opportunities based on the predic-
tions generated for the respective pairs of content items
and users.

16. The computer program product of claim 11, wherein
the data for the additional features are obfuscated, such that
the semantics of the additional features data are undiscov-
erable from the data for the additional features.

17. The computer program product of claim 11, wherein
the prediction improvement data includes one or more
adjustment factors for adjusting generated predictions, and
wherein the selecting content 1tems for presentation to users
of the online system further comprises:
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generating predictions for pairs of content items and users
in content presentation opportunities based on the pre-
diction model;

modifying the predictions based on the adjustment fac-
tors; and

selecting content items for presentation to users in the
content presentation opportunities based on the modi-
fied predictions associated with the respective pairs of
content 1tems and users.

18. The computer program product of claim 11, wherein
the prediction error information comprises, for each content
presentation of content from the third-party system, a pre-
diction and an actual outcome for the content presentation.

19. The computer program product of claim 11, wherein
the prediction error information comprises, for each content
presentation of content from the third-party system, the
outcome error for the content presentation, the outcome
error being the difference in value between the prediction
and a numerical representation of the actual outcome for the
content presentation.

20. The computer program product of claim 11, wherein
the prediction error information further includes content
identifiers, user 1dentifiers, and timestamps for the plurality
ol content presentations.
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